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Introduction
A previous paper used panel data from 50 countries and 35 urban areas to summarize trends in motorization and the provision of roads, and to examine the ratio of motor vehicles to roads in a production function framework at both the national and urban levels (Ingram and Liu, 1997) . The countries and urban areas, which covered a wide range of income levels, exhibited strong regularities in cross section regressions across country and city characteristics. In particular, income was a strong determinant of both the level of vehicle ownership and road provision. Road provision was buoyant at the national level but not at the urban level, where congestion stimulated decentralized growth and urban road length increased mainly from the annexation of surrounding areas.
The current paper presents additional empirical results obtained using essentially the same national and urban data sets.
1 These new empirical analyses explore alternate specifications of the underlying relations between three dependent variables--vehicle ownership, road length, and the vehicle-road length ratio--and various independent variables. In particular, they investigate (i) whether income elasticities of motor vehicle ownership and road length vary or are essentially constant across a wide range of income, and (ii) how vehicle ownership and road provision respond to changes in income over time.
An income elasticity measures how responsive demand for a good or service is to a change in income, and income elasticities may vary across income levels. However, most empirical studies of motorization (including our previous paper) have estimated only constant income elasticities. Constant elasticities are usually estimated from regressions with a restricted functional form (typically a log-linear specification). One major weakness of a constant income elasticity is its limited predictive power for forecasting beyond the observed income range when the true elasticities vary with income. While constant elasticity estimates are often statistically very robust, their usefulness in forecasting depends on whether they are at least as robust as variable elasticity estimates. This paper reports estimates of variable elasticities and compares them with constant elasticities.
Our previous paper suggested differences between the cross-section and time series relations in the panel data, particularly in the urban data. Cross-section variation often results from long-run behavior, and time series variation from short-run behavior. Specifically, long-run income elasticities capture the change in demand when consumers are able to make an unconstrained behavioral adjustment in response to a change in income, and short-run income elasticities measure the demand change in a constrained situation. Empirically, long-run income elasticities can be estimated using cross-section data that cover a wide range of income levels, while short run elasticities require time series data. The empirical results presented in Ingram and Liu (1997) are essentially long-run estimates because they are obtained from cross-section analyses. While these long-run estimates provide a broad picture of growth patterns of motorization and road provision, in this paper we also compare them with short-run income elasticities. Table 1 summarizes the key features of the earlier and current empirical analyses. The first two changes were to use less restrictive specifications in the regression equations so that the results were less constrained by the specification.
Technical Issues
• First, the dependent variables used in the current study differ from those used earlier because they are not normalized. For example, vehicles are now used as the dependent variable rather than vehicles per thousand persons.
• Second, the earlier estimates all used constant elasticity (log-linear) model specifications. The current results present constant and variable elasticities by employing alternative functional specifications. In addition, both long run (cross sectional) and short run (first differences over time) elasticities were estimated.
• The third change is an attempt, in the urban analysis, to account for the impact of a city's historical spatial endowment on its motorization and road network expansion.
Dependent Variables
In Ingram and Liu (1997) , motor vehicle ownership was normalized with respect to population (vehicles per thousand persons), and the road network was normalized with respect to land area at the country level (kilometers of road length per square kilometer) and population at the urban level (meters of road length per person). When a dependent variable is normalized by an explanatory variable in the log-linear functional specification, the underlying assumption is that the normalizing variable (the denominator) has a constant scale effect on the dependent variable. This assumption is relaxed in the current study. The dependent variable is now the number of vehicles in the vehicle ownership models, and kilometers of road length in the road models. The variables (population or land area) that were used to normalize the dependent variables in the previous paper are now independent variables on the right hand side of the equation. Similar to the properties of the generalized Cobb-Douglas production function, the magnitude of the parameter estimate for each independent variable indicates the existence of any scale effect. The scale effect is constant if the estimated parameter is equal to one, increasing if greater than one, and decreasing if smaller than one.
Estimating Variable Elasticities
In regression analysis, elasticities can be conveniently estimated using a log-log specification. However, the log-log specification normally used is log-linear and constrains the elasticities to be constant. It does not have the functional flexibility that is required for estimating the variable elasticities. Variable elasticities can be estimated by a more flexible functional form shown below: • Total number of vehicles;
• Total length of roads.
Functional Specification
• Log-log specification to estimate constant elasticities.
• Log-linear specification to estimate constant elasticities;
• Quadratic log-log specification to estimate variable elasticities;
• First differencing the time series to control country or urban area specific effect (fixed effect).
Urban development history
• No explicit treatment for historical spatial endowment.
• Attempt to take historical spatial endowment into account.
where V is the dependent variable; Y, per capita income; X i , other explanatory variables; and b 0 , b 1 , b 2 , c i and d i , parameters to be estimated. This is called a quadratic log-log equation because it includes independent variables in both linear and quadratic form. It allows non-linearity for all explanatory variables. With this specification, the income elasticity is b 1 + 2 b 2 log Y and it varies with the level of income. 2 The results of log-linear and quadratic log-log regressions for vehicle ownership, road length, and the vehicle-road ratio at the national level (presented in Appendix Tables 1, 2 , and 3) and at the urban level (presented in Appendix Tables 4 and 5) are discussed in the next section.
Non-linear effects can also be tested for by fitting piecewise linear equations. A piecewise linear equation provides flexibility for estimating different slopes for different value ranges of a given explanatory variable. For example, we are interested in knowing whether the income elasticities are different between low-income and high-income countries. We can fit a two-piece linear equation that takes the form:
where V is the dependent variable, Y is per capita income, Y* is the benchmark income level that separates the countries into low-income and high-income groups, and D is a dummy variable that takes the value of zero for low-income countries and one for highincome countries. With this specification, b 1 is the elasticity for the low-income group, and (b 1 + b 2 ) is the elasticity for high income groups. Results testing for non-linearity effects of income using piece-wise linear specifications for vehicle ownership, road length, and the vehicle-road ratio (presented in Appendix Tables 6 and 7) are also discussed in the next section. In these equations, we used $5,500 (in 1987 constant US dollars) as the benchmark income level to separate developing countries from high-income countries.
Controlling Fixed Effects
Both the national and urban data sets contain observations from a wide range of country income levels, but data are available at only two or three points in time, usually at the beginning of decades or when decennial censuses are taken. Ingram and Liu (1997) presented charts indicating that the cross-section and time-series relations among variables such as vehicle ownership and income are sometimes very similar, but sometimes differ dramatically--particularly for road length at the urban level. The cross-section regressions with the use of year dummy variables, reported in Ingram and Liu (1997) , do not really exploit the panel nature of the data. In those regressions, the levels of income often explain much of the variations in the levels of the dependent variable. It is often interesting to know how changes in the dependent variable over a given period of time correspond to the changes of the explanatory variables over the same period of time. In addition, it is often desirable to control for country or urban fixed effects which may be associated with the level of the dependent variable. This can be done by estimating the first difference regressions in the functional form shown below:
where subscripts 1 and 2 denote two points in time; V t , the dependent variable; X it , the ith explanatory variable; and b 0 and b i , parameters. The first-difference regression results are shown in Appendix Table 8 for the national level and Appendix Table 9 for the urban level.
Analyses with Urban Area Data
In Ingram and Liu (1997) , income and population density were often used as explanatory variables in the same regression equation. As Figure 1 indicates, urban per capita income and population density are strongly and nonlinearly related. This crosssection correlation between income and population density at the urban level makes it difficult to interpret the coefficients of these two variables and their effects on urban area motorization when both are used as independent variables. In this study, we attempt to deal explicitly with this problem. Figure 1 shows that urban population densities vary widely in high income cities. This variation in population density in high income cities reflects the impact of historical paths of development on urban form. Cities that have experienced much of their population growth when auto ownership levels have been high have lower densities than older cities. Although average densities vary significantly across high income cities, the trends in urban population density in high income cities are similar: population densities are falling in virtually all high income cities (Ingram, 1997) . However, because buildings and lot sizes are durable, population density adjusts slowly and historical development patterns persist. The effect of historical paths of development on urban densities is represented by a new variable, the historical spatial endowment index, that measures the variation in per capita land area across cities that is not explained by income and population. Using the urban data set, per capita land area (the inverse of population density) is the dependent variable in the regression shown below (standard errors are in parentheses under the coefficient estimates). It is a function of population (P) and per capita income (Y). log A = 5.23 -0.14 log P -2.08 log Y + 0.16 (log Y) 2 R 2 = 0.41 (4.14) (0.07) (1.07) (0.07)
This estimated equation is used to calculate the predicted amount of per capita land area for each of the cities included in the sample. The historical spatial endowment index is defined as the log of each city's actual per capita land area divided by its predicted per capita land area, and it is used in place of population density in the urban regressions in Appendix Tables 5 and 7 .. The historical spatial endowment index measures the residual from the above equation and captures the variations in per capita land area which cannot be systematically explained by per capita income and population. These variations, to a great extent, represent the historical spatial endowment of the cities. Phoenix and Perth, for example, have very low population densities partly because they were largely developed after the advent of automobiles, and partly because their income levels are high. They have positive historical spatial endowment indices. In contrast, some high-income European cities were shaped long before the advent of automobiles. These cities have income levels similar to Phoenix and Perth, but they have much higher population densities and negative historical spatial endowment indices. Theory suggests that the level of motorization across cities will be higher when the historical spatial endowment index is positive (densities are low). This hypothesis is supported by the statistically significant coefficients of this historic spatial endowment index variable in the equations presented in Appendix Tables 5 and 7..
Results
The regressions presented in Appendix Tables 1 through 9 produce elasticity estimates of vehicle ownership, road length and the vehicle-road ratio at the national and urban levels, with respect to per capita income, population, and population density. Our primary interest is in the comparison of three types of income elasticities: constant, variable, and first difference (short-run or fixed-effect controlled). The variable elasticities are calculated for the mean values of independent variables for low-income and high-income countries, and these mean values are shown in Annex A, Table A-1. Table 2 summarizes the elasticity estimates from the national and urban vehicle ownership models. At the national level, all income elasticities are statistically significant, while population and population density elasticities are not always significant. The estimates obtained from the constant elasticity equations suggest that both the total motor vehicle fleet and the passenger car fleet expand roughly at the same rate as per capita income and population (elasticities are around 1). The commercial vehicle fleet expands at a lower rate than per capita income but at the same rate as population. Population density has a small but significant negative effect on total motor vehicle ownership and on the number of commercial vehicles. These results are consistent with the estimates obtained from the per capita (instead of total) vehicle ownership models presented in Ingram and Liu (1997) because population has a constant scale effect (its elasticity is about 1). Moreover, the first difference equations that control for country fixed-effects produce short-run income elasticity estimates of about 1.0 for total motor vehicles, passenger cars, and commercial vehicles. The first two are similar to the long-run elasticities, while the long-run elasticity for commercial vehicles (0.7) is lower that the short-run elasticity (1.1).
Vehicles
At the national level, the variable income elasticities are statistically significant and decrease with income. The variable elasticities for population and population density change little and are not always significant. At the urban level, the variable income elasticities are not significant. In addition to examining the statistical significance of the quadratic terms in the regressions to test for non-linearity, the R-square statistics also indicate the overall goodness of fit of the linear and nonlinear specifications. Table 2 indicates that the adjusted R-square statistics for the linear and nonlinear specifications are virtually identical at both the national and urban level--suggesting that the two specifications fit the data equally well.
At the national level, the piecewise linear regression specification (Appendix Table  6 , Eq. 1) produces a lower income elasticity estimate for high-income countries than for developing countries, and the effect is significant. Yet that equation's adjusted R-square statistic of 0.95 is also virtually identical to the 0.94 of the linear specification. At the urban level, the piecewise linear regression specification (Appendix Table 7 , Eq. 1) is not significant, and its R-square is similar to the regular linear regression.
The conclusion of this analysis is that income elasticities of motor vehicle ownership at the national level are only weakly nonlinear, and population and population density elasticities are essentially linear. At the urban level income elasticities of motor vehicle ownership are linear. Overall, linearity is the most parsimonious specification consistent with the data.
These results for income elasticities are summarized graphically in figures 2a and 2b which plot the relationship between per capita income and motor vehicles per thousand population using the constant and variable elasticity equations, respectively. The variable elasticity estimates appear to be heavily affected by the behavior pattern of the lowest income countries (below US$1,000 per capita in 1987 constant US dollars). It is not clear, however, whether the higher income elasticities at the lower income level are an indication of different behavior (higher rates of capital accumulation), or merely the result of limited sample size (50 countries). Because the estimated quadratic log-log equations do not deviate much from the log-log equations at the national level (and not at all at the urban level), using constant elasticities to project motorization would not yield a substantially different result from using the variable elasticities.
It is fair to conclude that although elasticity estimates vary depending on the functional specification, a good point estimate is approximately 1 for the elasticity of national fleet growth with respect to per capita income and population. These values mean that country motor vehicle fleets grow at roughly the same rate as country incomes.
At the urban level, the estimates of the income elasticity of vehicle ownership should be interpreted with caution because vehicle ownership interacts strongly with population density, and both are strongly affected by income. Income elasticity estimates are about 0.8 if population density is omitted from the vehicle ownership equations (see, for example, Appendix Table 4 , Eq. 1b). When the historical spatial endowment index is considered, the estimate is about 0.7 (Appendix Table 5 , Eq. 1a). A comparison of the two urban vehicle ownership equations in Appendix Table 5 (Eq. 1a and 1b) indicates that motor vehicle ownership is basically linear with income on the log-log scale. And the estimates from the piecewise regression (Appendix Table 7 , Eq. 1) suggest that the income elasticity for lowincome cities is not statistically different from that for high-income cities. Finally, similar to the national equations, the income elasticity estimates from the first-difference urban equations turns out to be about 1.0.
It should be noted that the per capita incomes used in the urban area data set are actually country income data. It is known that the urban and national difference in per capita income is much greater in developing countries than in high income countries. This implies that the true range of urban income levels for the urban sample is narrower than that suggested by the income data used. Therefore, the true income elasticities for urban areas may be greater than the current estimates. The use of country income data in urban equations may affect the cross-section estimates more than the first-difference estimates, because changes in urban incomes would be quite similar to changes in country incomes over a short period of time.
Roads
Because roadways complement motorization, the growth of the road network is likely to be associated systematically with changes in the same economic variables that affect the growth of the motor vehicle fleet. Empirical analyses by Ingram and Liu (1997) at the national level found that income per capita is a major determinant of road length, and that road provision is quite responsive to demand. While total road networks expand more The empirical results from the current analyses are summarized in Table 3 . At the national level, income elasticities of road length are 0.5 for total roads and 1.0 for paved roads. The variable income elasticity estimates are statistically insignificant even at the 0.10 level for both total roads and paved roads, suggesting that the income elasticity of road length is constant. The piecewise regression analysis produces a statistically significant nonlinear relation for total road length, but not for paved road length (Appendix Table 6 , Eq. 2 and 3). Both total road length and paved road length are unit elastic with population, and the variable population elasticities are not significant, indicating that the constant elasticity specification for population is consistent with the data. Again, population demonstrates a constant scale relation with road length because its elasticities are 1. These estimates are based on the cross-sectional variation in panel data, but fixed effect estimates based on first differences over time in the same panel data produced generally similar results for income. The first difference results differ for population: The population elasticity is insignificant for total roads (value of 0.4) and significant and larger for paved roads (value of 1.3) compared to the cross section results.. The elasticity of population density for the total road equation is negative and statistically significant, suggesting that holding total population equal, lower population density (or higher per capita--and national--land area) is associated with longer total road length. The total road network in a country usually expands to connect all population distributed across the country. Therefore, a larger area requires more extensive road network to serve. In contrast, there is a weak relationship between population density and the total length of paved roads. This is because roads are paved for facilitating high volume of motorized traffic, instead of improving connectivity to human settlements and economic activities. Empirical analyses by Canning (1998) also provided similar findings. Road provision at the urban level differs greatly from that at the national level. The urban results shown in Table 3 are based on panel data from 36 cities in both developing and developed countries, and the elasticities take into account the strong negative correlation between per capita income and population density at the urban level. (The results are from equations using the historical spatial endowment index, Appendix tables 5 and 7.) As the results indicate, urban road length has a population elasticity of 0.8, suggesting a decreasing scale effect. The elasticity of urban road length with per capita income is non-constant (increasing with income), and its elasticity with population density (negative) is much stronger than at the national level. Another major difference with the urban results is the relatively large differences between the long run (cross section) and short run (first difference) elasticity estimates--particularly for the elasticity of road provision with respect to income. Urban road length increases over time very slowly with income. The first difference elasticities of population and population density are also smaller than the cross section estimates. The cross section data and equation estimates of the relation between road length and income are summarized in Figure 3 .
The strong non-linear relationship between urban road length and per capita income reflects the non-linear relationship between per capita income and per capita land area shown in Figure 1 . Much of this cross section non-linearity stems from the growth of high income cities during the automobile age, discussed earlier.
In addition, as incomes rise in urban areas, population densities often decline in built up areas as both employment and residences decentralize. Some urban population growth occurs through expansion of the urban perimeter by annexation of surrounding municipalities. Municipalities that are annexed are usually already developed and have road networks. Therefore, most of the increases in urban road length stem from annexation and not from constructing new roads in built-up areas (Ingram and Liu, 1997) . In fact, relatively little new road length is being constructed in the existing urban areas, presumably because the cost of new rights of way is high in both economic and political terms. Urban growth often takes place in the periphery where land costs are lower, more open space can be found, and less-congested roads are available. The strong implication of urban territory annexations is that urban areas provide road capacity by spreading development over space and not by increasing the density of roads in existing built up areas. Even with annexation as a source of new road capacity, however, urban road length is increasing much more slowly than the number of urban vehicles. 
Ratio of Vehicles to Roads
Our previous paper used the ratio of vehicles to roads as a proxy for road traffic per unit of road length and examined its variation at the national and urban levels in a production function framework. Similar to the production of manufactured goods with factor inputs of labor and machinery, road transport services are produced by a combination of vehicles and roads, and the ratio of vehicles to roads should vary with their relative prices. We hypothesized that the ratio of vehicles to total roads should increase with income at the national level because the prices of vehicles (as traded goods) should not vary with income, whereas the cost of roads (as nontraded goods) should increase with country income level. But the relationship between the vehicle-road ratio and income may not increase with income at the urban level when congestion is present because the value of commuter travel time (a component of vehicle service cost) increases with income--and travel time would increase as congestion worsened. The results from the simple models based on the above reasoning had substantial power to explain the variation in vehicle-road ratios at the national level.
In the current analyses, we test the non-linearity between income and the vehicleroad ratio at the national and urban levels. The results are summarized in Table 4 . At the national level, the income elasticity of the vehicle-road ratio based on the constant elasticity specification is roughly 0.4 for total roads, and essentially zero for paved roads.
The relation between the vehicle-total road ratio and income is reasonably similar in cross section and (fixed effect) time series specifications. The relations between the vehiclepaved road ratio and income differ for the cross section and first difference estimates, but both are not significantly different from zero. However, the quadratic log-log regression produces relatively significant non-linear results for both total and paved roads, and these non-linear relations are also confirmed by the piecewise regression analysis. In addition, the R-square statistic is notably higher for the nonlinear specifications--suggesting that the vehicle-road income elasticities are nonlinear.
The relation between the vehicle-road ratio and population is insignificantly different from zero in both the constant elasticity and first difference specifications at both the national and urban level. This is consistent with the constant scale effect of population in the vehicle ownership and road length equations. But the relation is significant, although numerically small, in the nonlinear specifications which indicates that population growth slightly increases the vehicle-road ratio at the national level. Population density is significant only in the constant elasticity specifications, where it is positive for the ratio of vehicles to total national roads and to urban roads, but negative for paved roads. This indicates that higher population densities increase the overall vehicle-road ratio, but also stimulate improvements in road quality via paving. The estimated linear and non-linear relations between the vehicle-road ratio and income are illustrated in Figures 4a and 4b for the purpose of comparison. As Figure 4b shows, the ratio of vehicles to total roads is an increasing function of income (though at a decreasing rate) across the wide range of country income levels. This is consistent with our argument that the vehicle-road ratio should increase with income on the national total road network. The non-linear equation for the ratio of vehicles to paved roads suggests that across countries the ratio increases with country per capita income up to about US$5,000 (in 1987 US dollars) and then declines. This income level is close to the benchmark (US$5,500) that separates countries into low-income and high-income groups. Caution should apply to the non-linear relation for the ratio on paved roads, however, because we do not know how many vehicle trips are actually made on the paved roads and on the unpaved roads. That the ratio of vehicles to paved roads is independent of income should not be ruled out, as the analysis with the constant elasticity specification indicates that both the motor vehicle fleet and paved road length expand roughly at the same rate as income.
At the urban level, because of the linearity in vehicle ownership and the non-linearity in road provision (see Tables 2 and 3) , it is not surprising that the vehicle-road ratio exhibits a strong non-linear relation with income. As per capita income grows, the vehicle-road ratio first increases up to an income level of about US$2,000 (in 1987 US dollars), then decreases.
This non-linear relation can be explained by the presence of road congestion in urban areas. Although the vehicle-road ratio is an imperfect indicator of the level of road congestion, it is nonetheless a reasonably good proxy. As the statistics shown in Table A-1 of Annex A indicate, on average the number of motor vehicles per kilometer of total roads at the urban level is more than ten times higher than at the national level for developing countries, and five times higher for high-income countries. Moreover, the data for 29 world cities shown in Figure 5 indicate that the vehicle-road ratio at the urban level is highly correlated with average road speeds. The figure reveals a clear negative relationship between the vehicle-road ratio and average road speed, which is generally similar to the empirical relationship between speed and the volume-capacity ratio commonly used in urban transport planning. As a proxy for the traffic level on the road network, the vehicle-road ratio is expected to increase with the relative prices of vehicles to roads at low vehicle-road ratios (such as on national total road networks). Most of the national road networks have fewer than 50 motor vehicles per kilometer of road length, so congestion on national roads is not a common problem even in high income countries. But when congestion occurs in urban areas, speeds fall and travel time cost increases, thus economically justifying more roads.
The peak and decline of the vehicle-road ratio for national paved roads is likely to be related to an increasing demand for higher quality roads, and possibly for vehicle speed, as incomes increase. Paving roads is an obvious means of improving road quality, which reduces vehicle operating costs. Speeds are typically higher on paved roads than on unpaved roads, and the demand for speed (lower travel times) increases with income and the value of time.
Finally, there is a big difference between the cross section and first difference income elasticities of the vehicle-road ratio at the urban level. The vehicle-road ratio is increasing over time (first difference results) nearly in step with income, whereas the cross
Figure 5. Vehicle-Road ratio and Average Road Speeds in Urban Areas
Source: generated from data provided in Newman and Kenworthy (1989) . Finally, it is interesting to see whether a saturation level for the vehicle-road ratio exists at the urban level, where the road network is often congested. The saturation level for the vehicle-road ratio is defined as the possible maximum vehicle-road ratio among any combinations of income level, population, population density, gasoline prices, etc.. It can be estimated by searching across alternative assumed saturation levels in regressions specified in the form of an S-shaped logistic function. The regression with the highest Rsquare gives the saturation level under a "business as usual" scenario. 4 These logistic regressions have the following functional form:
where V/R is the vehicle-road ratio; S, the saturation level; Y, per capita GNP; P, population; D, population density; G, gasoline prices; and b 0 , ... b 4 , parameters.
The saturation level for the vehicle-road ratio at the urban level is estimated to be 550 vehicles per kilometer of road. The maximum value in the sample, 425, is found in Paris. It is interesting to note that Paris is often considered to be one of the more successful world cities in effectively controlling the use of motor vehicles. In contrast, no saturation level is found from the national level data for both total road and paved road networks. The result is not surprising as the national road networks are rarely congested.
Concluding Remarks
This paper explores alternative specifications for the relations of vehicle ownership, road length, and the vehicle-road ratio with various independent variables at the national and urban level. It examines three issues: dependent variable definition, equation specification, and urban historical spatial endowments. We first summarize the results of these efforts and then comment on the overall implications of the findings.
Dependent variable definition.
The analysis here compared the results of normalized (e.g., vehicles per thousand persons) and non-normalized (e.g., vehicles) dependent variables in regression equations to explain vehicle ownership and road length. For vehicle equations at the national and urban level, the normalized and non-normalized results were very similar because the elasticity of population with vehicle ownership is approximately 1, and population has a constant scale effect on vehicle ownership. The road length regressions at the national level produced similar results with normalized (road length per square kilometer) and non-normalized (road length) dependent variables. This was not true at the urban level where the normalized dependent variable had been road length per capita. In the urban road length equation, population had an elasticity of around 0.8, and because it differed from 1, the non-normalized equation elasticities differed from the normalized equation elasticities. The general lesson from this exercise is that normalized dependent variables should not be used without testing for their validity. Non-normalized variables are generally preferable.
Equation specifications.
The first question addressed was whether the elasticities of the various dependent variables were constant or varying with respect to the main independent variables--income, population, and population density. The results of this exercise are summarized in Table 5 . The results of main interest pertain to the income elasticities, where the most notable feature is the contrast between the national level and urban level results. The income elasticity of vehicle ownership is weakly variable at the national level but constant at the urban level. The road length results are the reverse. And the vehicle-road ratios show evidence of variability at both the national and urban levels.
The second question addressed regarding equation specifications involved comparing cross section (long run) elasticities with time series or first difference (short run) elasticities. The estimated elasticities resulting from the two different specifications are summarized in Table 6 . There are only modest differences between the time series and cross section income elasticities at the national level, but beyond that many differences emerge. The most striking differences between the time series and cross section elasticities emerge among the income elasticities for road length and the vehicle-road ratio at the urban level. These results offer stark evidence that road provision is lagging in urban areas while the size of urban vehicle fleets continues to grow. The consequence is that the urban vehicle-road ratios are growing nearly as rapidly as income. Because vehicle use does not grow as rapidly as vehicle ownership, congestion may not be growing as fast as the number of vehicles, but it is clearly increasing with income. Urban spatial endowments. The strong relation between income and population density at the urban level had produced unstable results in earlier regressions. Several of the urban equations reported on here use the deviation in area per capita (the inverse of density) from a predicted level for each city to summarize the effect of the durability of urban development patterns. This variable, termed an urban historical endowment index, worked well in the equations.
Implications. Many implications flow from the empirical results presented here. Most notably is the increase in urban congestion over time reflected in the remarkably rapid increase in the urban vehicle-road ratio with income over time. The magnitude of these trends is so large that it is alarming. Economic growth appears to be producing urban gridlock and promoting low density urban development.
During recent decades, urban areas have coped with congestion by spreading their activities over larger areas and adding road space by annexation. Decentralized urban development is most evident in high income countries, such as the U.S. and Australia, where land costs at the periphery of urban areas are relatively low. Yet over a 20 year period in the global sample of 35 cities analyzed here, average population densities declined in 25 and the urban area increased in 30, so urban area expansion with decentralization is a common pattern of urban growth. Cities with high densities typically face high relative land prices at the periphery, and their expansion will occur at higher densities than in cities that face low land prices. This suggests that urban areas will not converge to similar levels of population density and congestion. Population densities and congestion in a particular city will be related to relative land prices at the urban periphery, to urban income levels, and to the city's historical endowment of buildings, street layout, block sizes, and related physical infrastructure.
Congestion appears to have a strong impact on urban development patterns, as cities decentralize and spread their development into surrounding areas in order to increase the supply of urban roads and moderate congestion. This phenomenon deserves more attention and analysis. If firms and households move in ways that foster low density development at the periphery of urban areas in order to reduce congestion, they may also do so in order to avoid congestion tolls. How urban development will react to congestion tolls is an open question.
It is noteworthy that at a fixed point in time, the vehicle road ratio across cities has its peak in cities with relatively low incomes. These cities have few motor vehicles, but even fewer roads, and they can be highly congested. Bangkok is a famous example of this. Among high income cities, population density and vehicle-road ratios vary over a surprisingly large range. These cities also vary widely in the availability and use of transit systems, and it is likely that the older, denser, and more congested cities have more extensive and higher quality transit systems than the newer, low density, and less congested cities. More empirical work needs to be done relating vehicle ownership and use to transit availability in urban areas.
Although the urban results are somewhat alarming, the national results indicate that the vehicle-road ratio at the national level--particularly on paved roads--is relatively low and is not rising very rapidly. It shows remarkable stability across country income levels. This contrast between the national and urban results reinforces the view that urban decentralization is likely to continue to be the major mode of adjustment to urban congestion.
Annex A. The Data Sets
The national and urban data sets used in the current paper are essentially the same as those used in Ingram and Liu (1997) . The primary data sources are explained in the Appendix of Ingram and Liu (1997, p. 35) . The national data are from 50 countries with full data for 1970, 1980, and 1990 . The urban data include 35 cities with data in two years (mostly in 1960 and 1980) . The summary statistics for developing and high-income countries at both national and urban levels for the year of 1980 are shown in Table A-1 below. Data for 1980 are used for the comparison because it is the only common year for the national and urban data sets.
When we carried out the empirical analyses presented in the current paper, a database of world infrastructure stocks for 1950-1995 compiled by Canning (1998) became available to us. Canning (1998) identified inconsistencies in the definition of paved road among countries and adjusted the official paved road data to fit a more consistent definition. Based on the Canning data, we made a few corrections to our national paved road length data. We also used the corrected data to re-estimate the paved road regressions presented in Ingram and Liu (1997) and found that the minor data corrections did not alter the empirical findings summarized there. The national data used in the current analyses are presented in Appendix Tables 10, 11, and 12. a. In 1980 high-income countries had a GNP per capita over $4,800; see World Bank (1992) .
b. Average weighted by population.
The earlier urban data set presented in Appendix Table 3 of Ingram and Liu (1997) includes 35 cities, each with observations at two points in time. In the current urban crosssection analyses (see Appendix Tables 5 and 7 of the current paper), two cities (Beijing and Santiago), both with only one year observation, were added to the data set. The data for Beijing and Santiago are shown in Table A Source: Data for Beijing are primarily from Li (1996) ; and for Santiago, from Kain and Liu (1994) . 
Annex B. Deriving the Elasticity from a Quadratic Log-log Equation
Regression estimated:
Transforming:
log Y = log a + log X (b 1 + b 2 log X)
e log Y = e log a e log X (b1 + b2 log X)
Taking derivatives of (2):
Elasticity: Bank (1994), and Canning (1998) ; and (4) Railroad route length data are from World Bank (1994) or provided by Louis Thompson.
